Abstract--Wind energy is the renewable energy source with a higher growth rate in the last decades. The huge proliferation of wind farms across the world has arisen as an alternative to the traditional power generation and also as a result of economic issues which necessitate monitoring systems in order to optimize availability and profits. Tools to detect the onset of mechanical and electrical faults in wind turbines at a sufficiently early stage are very important for maintenance actions to be well planned, because these actions can reduce the outage time and can prevent bigger faults that may lead to machine stoppage. The set of measurements obtained from the wind turbines are enormous and as such the use of neural networks may be beneficial in understanding if there is any important information that may help the prevention of big failures.
I. INTRODUCTION
IND energy has had, in the past years, the fastest growth, becoming, at the present, an important renewable energy source in terms of installed power. Wind has overtaken all other sources of power and has become Europe's number one in terms of new installed capacity and accounted for 39% of all new power capacity in 2009 [1] . From a worldwide view, installed capacity is increasing, doubling the capacity every 3 years, since 2001 [2] . Indeed, more nations now want to harness this free power source, more companies want to export their technologies, more economists now lobby for the sector as key to a new green economy, and more environmentalists are hoping it can help replace coal and oil than ever before. Despite the world financial crisis, wind energy continues to be the most popular power technology in many parts of the world. The reasons for that are the climate changes, the will to hedge against volatile fossil fuel prices, speed of deployment and energy security. Traditionally, wind energy is not dispatched. When wind is available the turbines must work and power produced must be connected to the grid. However, due to the growth of power installed in this technology, grid integration must be more controlled and a motive of special care by the system operator.
One important issue of wind energy is competitiveness when compared with other power plants, a problem exacerbated by the relatively high cost of operation and maintenance. Normally, wind turbines are installed in remote areas with hard to access structures.
As a way to solve this problem in the near future, enhancements of availability, reliability and longevity of the turbines will be required [4] . Good predictive maintenance strategies are needed and can not be based only on periodical or preventive maintenance actions recommended by the manufacturers. In spite of being good guidelines for the maintenance of wind turbines, they do not focus on the specific characteristics of the real and local life of them [5] . The development of tools that allows operators and maintenance personnel to correlate machinery related information with other operational information such as machine speed, electrical load, and wind speed, are needed. From this information, wind turbine conditions are better understood and proactive decisions can be made regarding maintenance, scheduling, and safe operation of the units.
There is a lot of investigation in the area of condition monitoring and failure detection as a way of improving performance of wind turbines. This paper will present the use of neural networks in the detection of anomalies in some components of the wind turbine, more specifically in the generator machine.
II. MOST IMPORTANT FAULTS
An efficient maintenance of wind generators is very important to minimize the operational costs of a modern wind farm. Normally, maintenance is carried out by the wind turbine producer, in the wind farms covered by the warranty. The maintenance is preventive and made in pre-defined periods of time. Normally a minor service is made every 6 months and a major maintenance is made every 12 months. When major problems occur maintenance teams are urgently called to solve them. When the problem is easy to solve, such as in resetting the turbine, or making some adjustments in the parameters of the turbine or also substituting some electronic devices, the time associated to the repair is not too long. Sometimes these actions can be made remotely by the control center operator. However if the problem is bigger and requires the substitution of heavy dimension equipment, the outage time is longer which in turn implies a reduction in the profits. In addition, if the repair necessitates the use of cranes and lifting equipment, this may be more problematic due to the unavailability of these kinds of machines and the high cost involved. For these reasons, fault detection techniques are becoming indispensable in modern wind parks.
Based on one year data obtained from a real wind farm, equipped with 13 wind generators of 2 MW each and looking deeper for the causes of faults that led to the machine stopping, some conclusions can be made. The faults were divided into five groups: not planned (NP), planned (PL), network fault (NF), short time planned (SP) and other causes (OT). The "not planned stop" covers all the causes that were not planned, examples of these causes is the replacement of damage equipments, out of communications and outage originated by high temperature of generator, etc. In the planned outage group (PL) the time used for planned maintenance of the wind turbines is represented. In the network fault group (NF) the outages, all caused by the network, like actuation of protections of maximum or minimum voltage in the substation, high currents in the rotor caused by network problems, etc. are grouped. In the short time planned stops (SP) the time used for upload software or to make some adjustments in parameters is represented. All causes that led to wind turbine stop due to weather conditions, like ice phenomena, strong winds, etc are grouped in the OT group. Making this analysis it is possible to conclude that almost 80% of the outage time of a wind turbine is due to non planned actions. All the other groups have a small influence in the out of service state of the machine. Fig. 3 shows the influence of each group in the out of service time of the studied wind turbines.
Fig. 3. Percentage of faults
It is evident that most of the causes that led to a wind turbine stopping have unexpected causes. An early detection of possible faults in wind turbines assumes a great importance because it allows better maintenance and repair strategies and can prevent major problems in other components.
With the onset of faults comes the inevitable stoppage time needed for repairing the damage as well as the consequent costs involved. Some components of the wind generator need special attention because they can cause long downtime. One example of that is the electrical generator. A problem in this component is never solved in less than 10 days.
The installation of control centres designed specifically for monitoring, dispatch and control wind farms is a good solution for reducing the downtime of wind turbines and increase companies profits.
III. ELECTRICAL GENERATOR
The wind farm under study for this project is composed of 13 machines of 2 MW each. All the machines are equipped with a three phase asynchronous generator, 4 poles, 690 V, 50 Hz, double feed and an air to air cooler system. The principle of operation of the double fed induction machine is based on the ability to control its speed by variation of the resistance of the rotor. Fig. 4 illustrates the change curves of torque/slip of the induction machine due to the variation of resistance connected in series with the winding rotor. As depicted in Fig. 5 , for a given mechanical torque T, the speed of induction machine can differ by varying the rotor resistance. If, instead of a variable resistance, a system for converting AC/DC/AC connected to the rotor is installed, it is possible to extract the active power by the rotor of the machine and thus control the speed. This is the principle of taking energy away from the winding rotor induction machine. The stator of the induction machine is directly connected to electric power. The rotor is connected to the network through a AC-DC-AC converter and a transformer.
Regulating the speed of the machine by changing the rotor resistance implies an increase in dissipated energy. The inclusion of the power converter, aforementioned, allows the adjustment of slip, thus a part of the energy that would be dissipated in the rotor is now injected into the network. In this manner, it is possible to have the generator working at different rotor speeds and at the same time productivity is improved, since the injection of energy in the network is carried out through the stator and rotor. For negative slips, higher (in modulus) for which the intensity of the stator current reaches the nominal value, the active power in the stator and the rotor remains constant, as shown by the line in black, in Fig. 5 [6] .
IV. NEURAL NETWORKS APPLICATIONS
For a good fault detection approach it is necessary to develop very accurate models, based on a series of measures that effectively represents the normal operation of wind turbine.
The application of neural networks (NN) is dependent on the number of measurements and on their quality. The greater the quality data set, the greater the quality the results will be. If a year's measurements are used the data set is very large and can be used for learning, test and validation of the NN. The main goal is to understand which measurements are important to use as input of the NN, because some measurements can have a weak influence on the process and it only contributes to wasting computational time.
Wind
The 8 temperature measurements are very important because they can hide a lot of information about the component's behaviour. For the specific wind turbines in which the study is undergoing, collected temperatures are summarized in Table I , and from those 8 temperature measurements, some of them were used as input of the developed method to prevent faults in the electrical generator of the wind turbine. One of the great difficulties of training the neural network is to find a large period of time where no problems occurred to the equipment that is undergoing monitoring. That period of time will represent the normal behaviour of the equipment. To do this work it is necessary to have information of the maintenance teams about the problems that have arisen in each wind turbine. Any new component added or substituted implies a new network train.
Choice of the important measurements that are to be used to train the neural network is another important issue. Obviously, not all the measurements are important to the component under monitoring. So, is necessary to carry out some work in order to understand the influence of each measurement on the generator machine. Temperature 4 represents the behaviour of the generator and any anomaly must be felt in that specific measure. One way that can be used to understand the influence of each measurement in Temperature 4 is the correlation between Temperature 4 and all other measurements. All measurements with a strong correlation with Temperature 4 can not be neglected. After conducting this analysis it is necessary to understand the behaviour of each correlated measurement as this will prevent the use of measurements that, albeit correlated, do not bring added value to the process. Another analysis that is necessary to do is to check the inertial effect of each selected measurement on the output. Sometimes, there is an inertial effect in the output in respect to an input and because of this an alteration in the input may be felt in the variable output for some periods of time afterwards. For good performance of the NN it is necessary to ensure that the maximum influence of an input of the model in its output is at the right period of time, including delays if they are needed. To do this specific analysis, we use the cross correlation between measurements.
This statistic tool says that if two measurements run synchronously, the maximum cross-correlation is zero, but if maximum cross-correlation is not zero, that means that there is inertia and in those cases it is necessary to introduce a delay in the measurements.
After doing all this analysis work, the chosen measurements were:
Average power; Average current; T1; T8. Based on cross-correlation analysis, measurement T1 will suffer a delay of 4 periods of time (t-4) and the average power, average current and T8 will be programmed with a delay of 2 periods of time each (t-2).
The objective is to use a neural network to forecast the value of T4.
V. NEURAL NETWORK IMPLEMENTATION
The neural network aims to predict failures in some components of the wind generator. The variable that will be forecasted is the generator temperature (T4) and in order to be able to make this prediction 4 inputs in the input layer will be used alongside 1 hidden layer. An example of the configuration of the neural network is depicted in Fig.8 . To implement the Neural Network the SPSS Clementine software is being used.
The method used for training the NN is denominated as quick method, in which rules of thumb and characteristics of the data are used to choose the appropriate topology for the network. To prevent overtraining, data is divided into separate training and testing sets for purposes of model building. The network is trained in the training set, and accuracy is estimated based on the test set. 50% of data will be used for training and the remainder of the data will be used for validation. The network will stop training when it appears to have reached its optimal trained state. When this happens the program will generate the best neural network.
As depicted in Fig. 8 , there is one input layer, in which measurements referred in section IV are used as inputs. The hidden layer is composed by 20 neurons with a persistence of 30. To control the training of the network, 2 parameters, Alpha and Eta will be used. Alpha is a momentum term used in updating the weights during training. Momentum tends to keep the weight changes moving in a consistent direction. The Alpha value used is 0,9. The Eta parameter represents the learning rate, which controls how much the weights are adjusted at each update. During the training, Eta starts at initial Eta value, decreases to low Eta value, then is reset to high Eta value and decreases to low Eta value again. The last two steps are repeated until training is complete. The initial Eta is 0,3 and low and high values are, respectively, 0,01 and 0,1. The output layer will state the results of the neural network forecast for generators temperature (T4), based on the inputs and on connections of the hidden layer.
VI. RESULTS
The main objective of the developed work is to predict failures in the electrical generator. To develop the model it was necessary to choose the measurement set, which is composed of average power, the average current, the average environment temperature, and the average nacelle temperature. All these measurements and the respective delays are used to train the network as a way to forecast the generator temperature. The average generator temperature will be the output of the neural network. The model will have 4 inputs in the input layer, 1 hidden layer and 1 output layer.
The criterion used to evaluate the presence of faults in the generator is the mean absolute error (MAE), which is given by the following equation:
where i e represents the difference between the real generator temperature and the estimated one.
A MAE greater than a determined value indicates that something wrong has occurred in the electrical generator.
The wind park used to make this study started its activity in 2004 and has 13 wind turbines of 2 MW, each equipped with double fed induction generators.
Out of the 13 machines, two of them had problems with the generator machine that led to the substitution of that component due to a rotors winding short circuit. One of those problems occurred in 2005 and the other in 2007. All other wind turbines did not present any serious problems with that component.
To prove the utility of the developed tool, two wind turbines were chosen (WTA and WTB). The electrical generator of wind turbine WTA is working properly and has not presented any major problem since its installation in 2004. The WTB has been equipped with a new electrical generator since February of 2007. On that date, the original electrical generator needed to be replaced for a new one, due to a short circuit.
The results obtained by the developed tool will show the behaviour of the generators temperature (T4) for a wind generator with no problems and for a wind generator with serious problems. Table II presents As it is possible to see too, the variation of the MAE after an intervention can be understood as an indicator of maintenance performance.
If it decreases is because maintenance was well performed. To teach and validate the NN a period of 6 months of measurements was used. This interval of time used to train the NN represents a period were no big faults had occurred in the machine. This means that NN model built was trained to represent the good operation of the machine and any fault must be translated in the results.
The WTB had some minor problems in the electrical generator in the beginning of the year 2006 and in February 2007 the generator needed to be replaced due to a short circuit in the rotors windings.
To teach and validate the NN model for WTB, 5 months of measurements were used. Noted that this measurement set does not include months in which the machine had errors. The results of application of the NN tool to the period of time previous to the generator fault are presented in The MAE started to increase in October and stayed higher than normal until February. In February of 2007 the electrical generator had its biggest fault, a rotor windings short-circuit, which lead to its substitution by a new electrical generator.
As it is possible to conclude, the developed NN tool, detected with 4 months in advance that something was wrong in the electrical generator. After February of 2007 the NN need to be trained again because the equipment was substituted and when this happens, even if the new generator could be equal to the old one, neural network must be retrained.
This method of fault detection is very sensitive and any change in the components that, directly or indirectly, have influence on the measurement used as output by the model, or any intervention performed by the maintenance teams can be detected by the MAE indicator.
The substitution of any equipment, even by a new one equal to the older, implies the creation of a new model to the turbine.
If this tool was used, the maintenance team would have been advised, with 4 months in advance, to look deeper to the electrical generator and maybe the winding short-circuit could have been avoided.
VII. CONCLUSIONS
The results presented in the paper shows that neural networks are a valid tool and can be useful to make an early detection of failures in wind turbines equipment, more particularly in the electrical generator. Although the results presented refer to problems arising in the past, it is possible to use the same method with online measurements as a way of bringing to our attention some future faults in wind turbines components. The results presented here were applied to the electrical generator, but the model can be used for earlier detection of faults in other components of the wind turbine. Similar results were obtained for the detection of gearbox failures.
The developed tool can be used to analyze the performance of maintenance teams too. The variation of the MAE after maintenance, can translate the performance of the work developed by the maintenance team.
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